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FUNCTIONAL ANALYSIS OF LOSSES IN A RISKY CHOICE PROCEDURE
David W. Sottile, Ph.D.
Western Michigan University, 2020
Loss chasing is a maladaptive pattern of risky behavior in which the frequency of risky
behavior temporarily increases after a loss. The conditions under which loss chasing occurs are
not well understood. Conditioned reinforcement appears to play a role in loss chasing, but the
consideration of antecedent variables is necessary for a complete account. The purpose of this
study was to test the role of (1) a stimulus that indicated the number of trials left in the session
(i.e., a trial counter), and (2) the effect of the ordinal value of a trial in a risky choice task on loss
chasing. Participants were randomly assigned to one of two conditions: A trial counter group and
a no trial counter group. A total of 63 college students participated in this experiment. Generalized
Estimating Equations (GEE) and visual inspection were used to conduct the primary analyses. The
two dependent variables were the frequency of spins in the trial following each bankruptcy and
the change in number of spins following each bankruptcy. The results of these analyses indicated
that the trial counter did not have a statistically significant effect on either dependent measure.
Visual inspection of the data indicates that the trial counter may produce a small increase in the
change in number of spins following a bankruptcy as the ordinal value of a trial increases. Despite
this, other experimental variables and individual differences most likely have a larger effect.
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Introduction
A risky choice is a behavior that has at least two possible outcomes, at least one of which
is undesirable to the organism making the choice. Risky choices are made by people on a daily
basis. Most risky choices are ultimately benign or limited in their detrimental effects. For
example, risky choices include things like using expendable cash to buy stocks and driving 53
miles per hour in a 45 mile per hour zone. Such choices generally do not lead to exceptionally
damaging consequences. However, some people repeatedly engage in risky behavior that is very
dangerous or maladaptive. Excessive alcohol and substance abuse, gambling, and unsafe sex are
examples of risky behavior that can result in substantial harm. Thus, the study of risky choice has
practical relevance to health and well-being.
There are many variables that affect the propensity to engage in risky behavior. Relevant
variables include the probabilities of the respective outcomes (Kahneman & Tversky, 1979), the
magnitudes of the respective outcomes (Bornovalova et al., 2009), stake size (Fehr-Duda,
Bruhin, Epper, & Schubert, 2010), framing (Kahneman & Tversky, 1979), deprivation (Barnard
& Brown, 1984; Caraco, Martindale, & Whittam, 1980), the delay to the desirable outcome after
making a risky choice (Bateson & Kacelnik, 1995; O’Daly, Case, & Fantino, 2006), and the
amount of time or number of opportunities to make risky choices (Goldshmidt & Fantino, 2004;
Pietras & Hackenberg, 2001; Pietras et al. 2003). All these variables have been identified as
determinants of risky behavior. However, the effects of some variables are context dependent.
For example, the effect of an undesirable event that occurs after a risky choice may depend on
the particulars of the context in which the event occurs. More specifically, the undesirable event
may serve to punish risky behavior, or may result in an increase in the temporary frequency of
risky behavior that is called “loss chasing.”
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Loss chasing is a pattern of behavior in which an organism engages in an increased
frequency of risky behaviors after a loss (Linnet, Røjskjær, Nygaard, & Maher, 2006). At first
glance, this pattern of behavior seems to be inconsistent with what would be predicted based on
foundational principles of behavior. Specifically, if a given behavior results in the loss of a
reinforcer, then the future probability of that behavior should decrease via the process of
negative punishment. (Azrin & Holz, 1966). Such a prediction was consistent with the behavior
of most participants in a risky choice procedure by Breen and Zukerman, (1999). Participants in
that study completed a computer-generated gambling program. Participants placed bets on
whether the next card drawn from a deck would be a “high” card or a “low” card. Although 66%
of participants’ behavior was consistent with a negative punishment account, 34% of participants
engaged in loss chasing throughout the experiment. The specific conditions that lead to losses
having punishing effects versus generating loss chasing are not well understood.
Loss chasing can be induced using a conditioned reinforcement procedure. (Leino et al.,
2016; Marshall, & Kirkpatrick, 2017). Under this procedure, neutral stimuli are paired repeatedly
with a reinforcer. Eventually this pairing procedure produces a transfer of the reinforcing
function of the backup reinforcer to the neutral stimulus, such that the stimulus becomes a
conditioned reinforcer and increases the future frequency of a behavior in the absence of the
backup (Wyckoff, 1952). Within the loss chasing literature, the conditioned reinforcer of interest
is typically called a “loss disguised as a win” (LDW). LDWs are of particular interest due to their
use in casinos to increase the frequency and magnitude of gambling. In one laboratory study, rats
chose between a low uncertainty or a high uncertainty response option (Marshall & Kirkpatrick,
2017). The low uncertainty choice produced two or four food pellets, with an equal probability
of these outcomes. The high uncertainty choice produced either zero, one, or 11 food pellets. The
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probabilities of these three outcomes were manipulated throughout the experiment. Rats were
divided into two groups: an extra feedback group and a normal feedback group. Subjects in the
extra feedback group were presented with stimuli that had been associated with a win of 11 food
pellets for all high uncertainty outcomes (i.e. 11 pellets of inaccessible food were delivered to a
receptacle directly next to the operant chamber and 11 flashes of light occurred above the high
uncertainty lever). Rats in the extra feedback group engaged in higher frequencies of selecting
the high uncertainty response after all high uncertainty outcomes than rats in the normal
feedback group. This effect is consistent with loss chasing as the riskier option is selected more
frequently after the loss outcome. Because the effect is a function of extra feedback, it is
consistent with a conditioned reinforcement account of loss chasing. However, it is important to
note that loss chasing has also been observed in the absence of conditioned reinforcers (Linnet et
al., 2006; Breen & Zuckerman, 1999).
A conceptual analysis of loss chasing that occurs in the absence of conditioned
reinforcement can begin by constructing a hypothetical three-term contingency. The most salient
antecedent to loss chasing is the loss. This is followed by an increase in risky behavior. The
consequences following a loss are a combination of wins and losses for this increase in risky
behavior. After the initial increase, the frequency of the behavior decreases to baseline levels
unless another loss occurs. The loss-chasing therefore appears to be a temporary increase in the
frequency of behavior.
There are three ways to produce temporary increases in the frequency of behavior;
Extinction procedures, discriminative stimuli, and motivating operations. Operant extinction is
the gradual decrease in the frequency of a behavior that no longer results in reinforcement
(Skinner, 1950). The shift from a reinforcement schedule to an extinction schedule can produce
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an increase in the variability and frequency of the behavior. Nevertheless, an account of loss
chasing based on extinction is problematic. An extinction procedure is not being put into place
when a loss occurs. Losses occur as a result of a risky behavior, not a schedule change. A
discriminative stimulus increases the probability of an operant when the discriminative stimulus
is salient to the organism. The stimulus has this function because it has been correlated with the
reinforcement of that operant (Michael, 1982). When considering the range of circumstances in
which loss chasing occurs, a discriminative stimulus account is also weak. This is because a loss
has not always been paired with the differential availability of reinforcement. Finally, the loss
could be considered a motivating operation. A motivating operation is a stimulus that has a
positive behavior-altering effect and positive value-altering effect (Laraway, Snycerski, Michael,
& Poling, 2003). A motivating operation increases the frequency of behaviors that have
previously been reinforced by a specific reinforcer and increases the efficacy of that reinforcer as
a consequence.
An account of loss chasing that includes the concept of motivating operations is superior
to one that is based on extinction or discriminative stimuli. In this conceptualization, a loss
momentarily increases the value of the lost reinforcer, and thereby temporarily increases the
frequency of risky behavior. Linnet, Røjskjær, Nygaard, and Maher (2006) provides evidence for
this account. Participants in their experiment completed a modified form of the Iowa Gambling
Task (IGT). The IGT involves selecting a card from one of four decks of cards. Two decks of
cards offer immediately higher wins but lead to an overall loss. Selecting one of these decks is
called a disadvantageous strategy. The other two decks of cards offer immediately smaller wins
but lead to an overall win. Selecting one of these decks is called an advantageous strategy. The
score on the IGT is the number of advantageous strategies minus the number of disadvantageous
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strategies every twenty trials. The results of their study showed that a significant number of
participants continued to select disadvantageous strategies after the immediately higher wins
instead of selecting advantageous strategies. With no apparent discriminative stimulus,
implementation of an extinction procedure, or conditioned reinforcement due to the modified
nature of this task, the evocative effect of a motivating operation appears to be the best fit. An
account solely based on motivating operations need not be universally applicable to all cases, but
it appears to comport with the data in at least some cases.
An account of loss chasing based on motivating operations could only partially explain
the effects of the potential controlling variable of temporal placement of a loss. The temporal
placement of loss is relevant when responding is restricted to a certain period of time. A stimulus
that indicates the temporal proximity to the end of that time period could function as a
discriminative stimulus or an S-delta for risky behavior. For either account, a stimulus that
indicates a shorter temporal proximity to the end would most likely have a greater impact on
behavior due to the shorter delay to the schedule change.
Two studies are relevant to the discriminative stimulus account of loss chasing, but only
evaluated the effect of a loss when it occurred during the beginning of a session (Cronce &
Corbin, 2010; Corbin & Cronce, 2017). In addition to temporal placement, these two studies
were primarily designed to explore the effect of alcohol on risk taking. Participants played either
a simulated slot machine task (Cronce & Corbin, 2010) or a simulated video poker task (Corbin
& Cronce, 2017) after consuming ethanol or a placebo. The task was rigged to either have the
participants win, break-even, or lose money over the initial block of trials. Whether the
participants won, broke-even, or lost money was defined as the initial gambling outcome. The
authors do not report whether a clock or trial counter was present during the gambling task.
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While there were some differences between the average betting behavior and the total number of
gambles made, both studies had statistically insignificant results for the effect of initial gambling
outcome.
Despite the results of these two studies (Cronce & Corbin, 2010; Corbin & Cronce,
2017), there are several reasons why the temporal placement of the loss in a session warrants
further study. First, the aversive event may not have been powerful enough to cause a change in
behavior. Cronce and Corbin (2010) defined the initial loss condition as losing 40% of their
initial $10 credit by the end of the 45th trial. Corbin and Cronce (2017) defined the loss condition
as losing 25% of the initial $10 credit at the end of the tenth trial. A larger reduction in money
over a shorter period of time for both studies could have produced either a punishing effect on
behavior or loss chasing. Second, initial gambling outcome was poorly operationally defined in
Cronce and Corbin (2010). Participants in this study did not experience any loses in the initial
block of trials: losses occurred in the second and third block of trials. Corbin and Cronce (2017)
had a better operational definition of initial gambling outcome as losing 25% of their $10 credit
in the first ten trials. Third, other temporal placements besides the beginning of the session may
still produce an effect on risky choice behavior.
It is possible that different temporal positions of a loss than the beginning of session can
produce different patterns of loss chasing. If a loss at the end of a session produced greater
changes in risky behavior compared to losses at beginning and the middle of the session, it could
be as a result of a more powerful stimulus. This discriminative stimulus would be correlated with
the passage of time (e.g. the trial number, a clock). This stimulus could have several different
functions (discriminative, as an S-delta, as a warning stimulus, or as a conditioned motivating
operation). This would also account for the effect of loss chasing if it changed as the entire
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experimental session continued. This could potentially explain why neither Cronce and Corbin
(2010) or Corbin and Cronce (2017) reported differences in responding following initial
gambling outcomes.
The results of Trenholme, Baron, and Kaufman (1969) provide further support for a
behavioral function of a stimulus that is correlated with the passage of time. Participants were
eight college students that completed VI 80 second schedules that resulted in monetary
reinforcement. Sessions were 50 minutes long. Following baseline, participants were exposed to
a timeout procedure that was superimposed onto the VI-80s schedule. Five timeouts occurred
irregularly throughout each experimental session. A 30 second presentation of blue light, the
putative warning stimulus, preceded the five-minute timeout. Participants had an increased rate
of responding when the warning stimulus was present relative to when the warning stimulus was
not present. It is possible that a temporal stimulus that denotes a relatively shorter temporal
distance to the end of a risky choice scenario could produce a similar effect.
In order to determine whether a temporal stimulus affects loss chasing, it is necessary to
arrange an experimental condition where such a stimulus correlated with the passage of time is
present and one in which it is not. An appropriate procedure could reveal whether temporal
position of the loss interacts with this stimulus to produce loss chasing. This could include an
assessment called the Prize Wheel task. The Prize Wheel task is a risky choice task that is similar
to the game played in Wheel of Fortune, a popular game show. It is a computer-based task
developed by Cosottile, Bailey, and DeFulio (In preparation). In a single trial, a participant can
spin the wheel repeatedly without limitation. Each spin results in either a win of a pre-specified
number of tokens or the loss of all tokens accrued during that trial. This loss of tokens is called a
‘bankruptcy’ and is accompanied by trial termination. Participants can end the trial by pressing
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the collect button before spinning or after any spin that does not result in a bankruptcy. Pressing
the collect button terminates the trial and protects the earnings accrued during that trial.
Cosottile and colleagues evaluated three different variables in the context of the Prize
Wheel task: The probability of a bankruptcy, the number of tokens earned for a win, and the
stake size or the number of tokens being risked at the beginning of a trial (Cosottile et al., In
prep.). These variables were simultaneously and parametrically manipulated to learn more about
the main effects of and interactions among these variables. Main effects were detected for all
these variables in addition to interactions between probability of a bankruptcy and magnitude of
a win, magnitude of a win and stake size, and between all three variables. The Prize Wheel task
is ideal for studying different temporal positions of a loss due because it can accommodate
independent manipulations of the critical variables know to affect risky choice. In addition to the
ability to manipulate these variables, Cosottile et al. (In prep.) had a report of a statistically
significant correlation between trial order and the frequency of risky choices. This indicates that
the passage of time influenced risky choice in the task and that a stimulus denoting the passage
of time could interact with this effect.
The purpose of this study was to evaluate the effects of a temporal stimulus on loss
chasing in a risk-taking task. A between-groups repeated measures study design was used.
Participants were randomly assigned to one of two conditions. In one condition, participants
could see a stimulus that specified the number of trials remaining in the Prize Wheel task. In the
other condition, this stimulus was unavailable. The primary data analyses featured Generalized
Estimating Equations and visual inspection of the data. A secondary aim of this study was to
further validate the use of Prize Wheel task as a risky choice assessment by correlating
performance on the task with other measures of risk taking.
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Method
Participants
Demographics & Inclusion Criteria
Sixty three participants were recruited for this study. When asked how they identified
themselves in terms of gender, 37 participants identified as cis women, 25 as cis men, and one
participant identified as a trans man. When asked how they identified themselves in terms of race
or ethnicity, 40 participants identified as White, 13 as Asian or Pacific Islander, six as Hispanic or
Latino/a, five as Black or African American, one as Biracial or Multiracial, and one as other.
Participants were able to select all races or ethnicities that applied. Most participants were between
18 and 21 years old. Only one 28-year-old participant was outside of range.
In order to participate in this study, participants had to be over the age of 18, currently
enrolled in at least one undergraduate class, be able to use a computer, and be able to understand
probability and unit conversion. The first three inclusion criteria were assessed through self-report
prior to experimental procedures. In order to assess the final inclusion criteria, the primary student
investigator created a six-question short answer math test.
Recruitment
Participants were recruited from the main campuses of Western Michigan University
(WMU), Kalamazoo College, and Kalamazoo Valley Community College. Flyers were posted in
the main buildings and walkways of the campus. All postings were made in accordance with
WMU’s posting guidelines as well as the other campuses guidelines when available. All flyers
were approved by WMU’s Office of Student Engagement and WMU’s HSIRB before being
distributed. Participants were also recruited from WMU courses through in class announcements
and a PowerPoint slide. Either a member of the study team member or the instructor of record
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presented these in class announcements or the PowerPoint slide. All these materials included an
email address and a phone number that potential participants could contact for more information
about the study. A study team member collected informed consent from the participants prior to
any experimental procedures.
Procedure
Participants attended a single experimental session in this study. The experimental session
took approximately an hour and a half to complete. This estimation included the informed consent
process. The estimation was based off the average amount of time it took participants to complete
the experimental session in Cosottile et al. (In prep.). However, participants were not restricted to
any amount of time to complete all the relevant tasks. Participants were randomly assigned to one
of two groups prior to the start of their experimental session. Participants completed an assessment
of their ability to understand probability and unit conversion called the Math Ability Test (MAT).
This was a six-question short answer quiz created by the lead investigator. Participants had to get
five out of the six questions correct in order to move on with the rest of the experimental session.
Participants could take this quiz a total of three times. If the participants failed to get a five out of
six on the first two attempts, they were given feedback on their answers before retaking the quiz.
If a participant failed all three attempts, their participation ended. No participants were excluded
based on this criterion.
Participants then completed three risky behavior self-reported surveys. These three
assessments are described in further detail in the “Instrumentation” section of this paper. Before
the participant completed these three surveys, the study team member left the room to increase the
validity of their responses. The study team member told the participant that they were available
for questions during this time and to return to the BERC lab after they had successfully completed
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these surveys. Once the participant completed these surveys, the study team member returned to
the experimental room. The study team member then administered the Balloon Analogue Risk
Task (BART), a well validated and popular risky choice assessment. The study team member read
aloud the instructions for the automatic version of this task and left the room following the initial
trial.
After the administration of the BART, the study team member recorded their data on the
task and opened the Prize Wheel task. The study team member read the instructions for this task
out loud and remained in the room for the initial trial. After the participant completed the Prize
Wheel task, the study team member calculated the participant’s earnings, asked for an email to
send an Amazon gift card with that amount, and asked the participants two qualitative questions
regarding the task. The study team member then informed the participant that their participation
was over and thanked them for their time. Participants were not provided with any documentation
that they participated in this experiment for the purposes of extra credit. This is because receiving
extra credit for participating may be a confounding variable for changes in the frequency of risky
behavior in the Prize Wheel task. If receiving extra credit is the controlling consequence,
participants may engage in a lower frequency of risky behavior to end the session earlier instead
of maximizing their earnings on the Prize Wheel task.
Method of Data Collection
All data for this experiment were collected using a computer with internet access. These
computers were loaded with hyperlinks to an online Qualtrics (2019) survey. This survey was
completed using Audio Computer-Assisted Self-Interview Software (ACASI) as many of the
questions are sensitive in nature (e.g. sexual behavior or illicit drug consumption). The ACASI
method has been demonstrated to increase the validity of participant’s answers to sensitive
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questions (Tourangeau, R. & Smith, T. W., 1996). The version of the BART used in this study was
run using modified public domain JavaScript and HTML code on a standard internet browser. The
Prize Wheel task was originally programmed using the Python Programming Language (3.6.4)
(Cosottile et al., In prep.), and the modifications to the Prize Wheel task for the present study were
also done in the same version of this programming language. The Prize Wheel task was run with
the computer software Pygame (1.9.3). Deidentified participant data from the Prize Wheel task
was exported to a .csv file format.
Instrumentation
Participants used a computer with internet access to complete all surveys, the BART, and
the Prize Wheel Task. These computers were kept on rolling desks to easily move them from one
experimental room to another. This is necessary as the private rooms were used for other purposes
besides the experiment outlined in this proposal.
Sexual Risk Survey
The Sexual Risk Survey (SRS) is a 23-item assessment designed to measure sexual risk
behaviors in college students (Turchik & Garske, 2009). Participants self-report on how frequently
they engage in sexual risk behaviors such as unprotected intercourse. Researchers have also
created a method of deriving a standardized score from the SRS (Turchik, Walsh, & Marcus,
2015).
National College Health Risk Behavior Survey
The National College Health Risk Behavior Survey (NCHRBS) is a 96-item assessment
designed to measure a variety of risky behaviors in college students (Douglas et al., 1997).
Participants self-report on a variety of different risky behaviors including alcohol use, drug use,
dietary behaviors, and suicidal behaviors.
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South Oaks Gambling Screen
The South Oaks Gambling Screen (SOGS) is a 20-item assessment designed to identify
potential pathological gamblers (Lesieur & Blume, 1987). Participants self-report on their risky
gambling behavior, how relationships with others have been impacted by their risky gambling
behavior and attempts to conceal the extent of their risky gambling behavior.
The Balloon Analogue Risk Task
The Balloon Analogue Risk Task (BART) is a risky choice assessment developed by
Lejuez and colleagues (Lejuez et al., 2002). Participants pump a computerized balloon in the
BART. Each pump earns the participant five cents in a temporary bank while also having a chance
of “exploding”. When the balloon exploded, participants lost all money accrued on the balloon.
The average number of pumps on unexploded balloons has been correlated with other measures of
risky choice. The version of the task used in this experiment was the automatic response mode
(Pleskac, Wallsten, Wang, & Lejuez, 2008). In the automatic response mode, participants pump
up an air tank as many times as they want. They then transfer all the air from the tank to the balloon
at once. This method of responding is thought to be more useful as responding on any given trial
is not ended by an explosion. Participants completed 30 trials of the automatic BART.
The Prize Wheel Task
The Prize Wheel task is a risky choice assessment originally developed by Cosottile et al.
(In prep.). The main screen of the Prize Wheel task displays a multicolored wheel with an arrowshaped spinner, a “Spin” button, a “Collect” button, a box entitled “Tokens,” the exchange rate
between tokens and USD, and a legend regarding the different colors on the wheel. The wheel
consists of two different colored sections. In this experiment, one section was always black, and
the other section was always green. If the participant pressed the “Spin” button, the wheel will
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rotate for a short period of time (~1 second). If the spinner landed on the green colored section,
the participant earned 250 tokens. If the arrows lands on the black colored section, all tokens earned
on the current trial were lost and the current trial was terminated. During this study, 1% of the
wheel was colored black and 99% of the wheel was colored green. Therefore, the probability of a
bankruptcy was 1% on any given spin. This version of the wheel was selected because it produced
the highest frequency and variability of spins in Cosottile et al. (In prep.). Participants could protect
their earnings by pressing the “Collect” button. This button also ended the current trial.
As the task window opens, instructions were displayed to the participant and read aloud by
a study team member:
“In this task, you will spin a wheel to earn tokens. After the task, you will trade the tokens
for real money. 3400 tokens are worth one dollar. If the wheel lands on green, you earn tokens.
If the wheel lands on black, you go bankrupt. Bankrupt means you lose all tokens won from that
try. On any try, you can spin as many times as you want. Each spin has a chance of winning
more tokens or going bankrupt. You can tell the chance of going bankrupt by looking at the
wheel. You can collect the tokens won at any time. The try ends when you collect the tokens or
when you go bankrupt. Then you do another try and spin a new wheel. One of every five tries
will count toward your earnings. The rest will not count. Which ones count will be picked by the
computer at random. Do your best on all the tries to get the most money. Press any key to
begin.”
Participants completed 30 trials of the Prize Wheel task. Participants experienced one of
two versions of the Prize Wheel task based on group assignment (Counter or No Counter). In the
trial counter version, a stimulus that displayed the remaining number of trials was displayed
throughout the task. The stimulus displayed how many trials were left in the task and counted
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down as the participant completed trials. In the no trial counter version, this temporal stimulus
was never present.
Design
The experiment was a between-subjects design with repeated measurements. The primary
independent variable was the presence of the trial counter. The primary dependent variables were
the frequency of spins a participant made in the trial following a bankruptcy and the change in the
number of spins following a bankruptcy. These dependent variables were selected to evaluate the
localized effects of the bankruptcy. The localized effects most closely relate to loss chasing as it
is a temporary phenomenon. The secondary dependent variables were the participants’ responses
on the SRS, NCHRBS, SOGS, and BART as well as the number of spins per trial no following a
loss in the Prize Wheel task.
Data Analysis
Descriptive Statistics
Descriptive statistics for performance on the Prize Wheel task included the average number
of spins, average number of bankruptcies, average number of spins in the trial following the
bankruptcy (lag 1), and the average change in the number of spins in the trial following the
bankruptcy (Post-bankruptcy Δ). Post-bankruptcy Δ was obtained by subtracting the difference
between the number of spins in the trial preceding the bankruptcy and the frequency of spins in
the trial following the bankruptcy. Standard deviations are also included for all variables. Values
were calculated separately across the two groups.
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Functional Analysis of Bankruptcy
An analysis was conducted for the suspected behavioral functions of a bankruptcy. There
were four possible functions: Null, loss chasing, punishment, and mixed. Each post-bankruptcy Δ
measurement from all participants was categorized as either “null”, “loss chasing”, or
“punishment”. A “null” measurement fell between one positive and one negative standard
deviation of the number spins per trial from that participant. For example, if the standard deviation
of the number of spins was 5 and one of their post-bankruptcy Δ measurements was 3, this would
be considered a “null” measurement. A “loss chasing” measurement exceeded one positive
standard deviation of the number of spins per trial from that participant. For example, if the
standard deviation of the number of spins was 5 and one of their post-bankruptcy Δ measurements
was 7, this would be considered a “loss chasing” measurement. A “punishment” measurement
exceeded one negative standard deviation of the number of spins per trial from that participant.
For example, if the standard deviation of the number of spins was 5 and one of their postbankruptcy Δ measurements was -7, this would be considered a “punishment” measurement.
A participant was categorized as “null” if all their post-bankruptcy Δ measurements fell
within one standard deviation of the number of spins per trial from that participant. If a participant
had only “loss chasing” or “null” measurements, they were recorded as a “loss chaser.” If a
participant had only “punishment” or “null” measurements, they were recorded as exhibiting the
typical effects of punishment. If a participant had both “loss chasing” and “punishment”
measurements, they were recorded as having a mixed or unknown behavioral function.
Generalized Estimating Equations
Generalized Estimating Equations (GEE) were used to analyze the data. GEEs are used to
fit a marginal model to longitudinal or clustered data. While other models can be used to do so
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such as ANOVAs or MANOVAs for repeated measures, this model is able to easily account for
covariates as well. The independent variable of interest was the presence of the trial counter. The
covariates were performance on the BART, trial order, and the cumulative number of bankruptcies.
These covariates were determined a priori. Trial order and the cumulative number of bankruptcies
were selected as covariates because performance on the Prize Wheel task had previously be
correlated with trial order and the cumulative number of bankruptcies. Performance on the BART
was selected because this variable has previously been correlated with risky choices participants
make outside of experimental conditions and other risky choice assessments (Lejuez et al., 2002).
… . The dependent variables of interest were the number of spins at lag 1 and the post-bankruptcy
Δ. If multiple bankruptcies occurred in a row, only one measurement was taken for the trial
following the consecutive bankruptcies. GEE use a sandwich estimator to calculate the robust
standard error and robust z-score. A sandwich estimator is a method of correcting the standard
error based on the variance of other parameters included in the GEE. These values were used for
analysis instead of the naïve standard error and z-score.
This analysis yielded two separate p-values calculated from Wald Chi-Squared Tests which
indicated the probability that the null hypothesis, that there was no difference in the estimated beta
coefficients in the populations the samples were recruited from, was true between the two samples.
The covariance structure used for all GEEs was “independence”. This structure was determined to
best fit the data by comparing the quasi-likelihood under the independence model criterion (QIC)
between the independent, exchangeable, and auto regression covariance structures. The covariates
analyzed in all GEEs were the trial number the measurement was taken from, the number of
bankruptcies experienced prior to the measurement, and the participant’s score on the BART. Only
the main effects of these parameters were included in the model, not the interactions between them.
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Planned analyses were conducted each time after an additional 20 participants’ data was collected
to determine how many participants would be needed to sufficiently power this analysis. These
power analyses were conducted to avoid a type II statistical error.
Primary Visual Inspection
Selected measures were graphed for visual inspection at the individual participant and
group aggregate levels. A line plot for each participant was created, where the x-axis’ coordinates
were the trial number and the y-axis’ coordinates were the number of spins in that trial. A solid
vertical line was placed over the trials in which a bankruptcy occurred. Plot lines connected
successive data points except when the line would cross this dashed vertical line.
Box and whisker plots were used to detect outliers in each group for each dependent
variable. A data point was considered an outlier if it exceeded a distance of more than 1.5 times
the inter quartile range from quartile 1 in a negative direction or quartile 3 in a positive direction.
This is a common method of denoting outliers in a box and whisker plot (Banerjee & Kumer,
2009). Group level and individual level data was also graphed in a grouped bar plot with an
overlaid scatter plot where the x-axis was the number of bankruptcies previously experienced and
the y-axis was the number of spins at lag 1 or the post-bankruptcy Δ. The y-axis was broken to
indicate that any individual value that exceeded that amount had been determined to be an outlier
in the box and whisker plot. Finally, group level data was graphed in three line plots where the
coordinates on the x-axis were a range of trials and the y-axis was the change in the number of
spins at lag 1.
Subset Analysis
Due to the comparatively low number of observations at higher levels of bankruptcies
experienced, a subset analysis was conducted for participants that experienced at least six
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bankruptcies. This analysis was conducted using visual inspection. Two graphs were created. The
x-axis was always the cumulative number of bankruptcies. The y-axis was either the number of
spins at lag 1 or the post-bankruptcy Δ. One graph of each dependent variable was created for each
group to better make comparisons. The group average was graphed as grouped bar plots while the
individual measurements were graphed as a scatter plot over the line plot.
Effect of Initial Gambling Outcome
Two GEEs were used to determine whether the initial gambling outcome affected risky
choice responding following bankruptcies. Initial gambling outcome was operationally defined as
how many bankruptcies occurred in the first ten trials of the task. The dependent variables were
the number of spins at lag 1 on the last 20 trials and the post-bankruptcy Δ on the last 20 trials.
Two different graphs were created with the average post-bankruptcy Δ for two different batches
of trial ranges. In each graph, the initial gambling outcome was graphed against one batch of trial
ranges.
Pearson Correlations
Simple correlations were performed between the average number of spins for each
participant through all trials and their self-reported measures of risky behavior. These self-reported
measures included their standardized score for the SRS, their recent alcohol cigarette, e-cigarette,
and marijuana use from the NCHRBS, their score from the SOGS, and their score from the BART.
These correlations were performed to test the validity of the Prize Wheel task as a measure of risk
propensity.
Risky Choice Analysis
Three GEEs were used to analyze the effect of three different variables on the number of
spins per trial: The presence of the trial counter, the number of bankruptcies previously
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experienced, and the amount of tokens lost in the most recent bankruptcy. The dependent measure
in the GEEs that analyzed the presence of the trial counter and the number of previous bankruptcies
was the number of spins in trials that did not result in a bankruptcy. Bankruptcy trials were
discounted because the trial ended probabilistically rather than the participant selecting the collect
button. For the amount of tokens lost in the most recent bankruptcy, only non-bankruptcy trials
following the first bankruptcy were used in the GEE.
Results
Effect of the Trial Counter on Loss Chasing
Descriptive Statistics
Table 1 shows various descriptive statistics associated with performance on the Prize
Wheel task. The average and standard deviation were calculated for each group. The parameters
of interest were the number of spins across all trials, the number of bankruptcies experienced, the
number of spins at lag 1, and the post-bankruptcy Δ. For all four of the parameters, the trial counter
group’s average was indicative of either more risky choices or possible loss chasing when
compared to the no trial counter group. However, the standard deviations for all groups at three of
the parameters were very high except for the average number of bankruptcies.
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Table 1
Performance on the Prize Wheel Task by Group
Average

Standard Deviation

Trial Counter

23.54

9.51

No Trial Counter

20.08

11.62

Trial Counter

4.60

2.13

No Trial Counter

3.67

1.79

Trial Counter

27.01

16.34

No Trial Counter

24.46

22.18

Trial Counter

-6.59

14.25

No Trial Counter

-10.08

24.15

Average Number of Spins

Average Number of Bankruptcies

Number of Spins at Lag 1

Post-Bankruptcy Δ

Functional Analysis of Bankruptcy
Table 2 shows the number of participants with four possible functions of a bankruptcy.
Most participants in both groups made fewer risky choices after a bankruptcy. This is more
consistent with a punishment function. Only one participant demonstrated loss chasing out of the
60 participants that experienced a bankruptcy. Only six measurements out of the 248 taken across
all participants were recorded as possible instances of loss chasing.
Table 2
Count of Participants with a Possible Behavioral Function of a Loss by Group
Null

Loss Chasing

Punishment

Mixed

Trial Counter (n = 30)

11

0

18

1

No Trial Counter (n = 30)

7

1

19

3

Generalized Estimating Equations
Table 3 shows the results of the GEE analysis run on the effect of the trial counter on the
two primary dependent measures: Number of spins at lag 1 and post-bankruptcy Δ. The first
column is the estimated beta coefficient of this variable’s impact in the regression equation created
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by the GEE analysis. This can be interpreted as the expected increase in the dependent measure
when the variable of interest increases by one. The second column is Pearson’s R squared. This is
a method of determining the effect size of a parameter in generalized linear models. The third
column is the robust standard error of this estimated beta coefficient. The fourth column is the
robust z-score for the beta coefficient. The final column is the p-value or probability that these
results would be obtained if the null hypothesis was true.
There was little to no effect of group assignment on the number of spins at lag 1 (β = .35,
p = .92). Of the three covariates, the trial number and number of previous bankruptcies experienced
had a statistically significant effect on the dependent variables. The BART score did not have a
statistically significant effect on the number of spins at lag 1. While there was a larger beta
coefficient and lower robust standard error for the effect of group assignment on the postbankruptcy Δ, this difference was not considered statistically significant at the alpha = .05 level (β
= 4.56, p = .13). None of the covariates had a statistically significant effect on the post-bankruptcy
Δ.
Table 3
Results of the Primary GEE Analysis
Estimated Effect

R2

Robust S.E.

Robust z score

p-value

Number of Spins

0.35

<.00

3.69

.10

.92

Post-Bankruptcy Δ

4.56

.01

2.98

1.53

.13

Primary Visual Inspection
Figures 1 and 2 are the primary group level graphs. Both figures are grouped bar graphs
with an overlaid scatter plot. The y-axis is the specified dependent measure while the x-axis is
the number of bankruptcies previously experienced. Bar fill indicates experimental group as
shown in the figure legend, and bar level shows group mean average. Scatter plots show
individual outcomes within each group. Circles indicate no trial counter group participants, and
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diamonds indicate trial counter group. Both graphs have broken y-axes to indicate that
measurements past this point are all outliers. Positive error bars are included for both graphs. The
dependent measure in Figure 1 is the number of spins at lag 1. The dependent measure in Figure
2 is the post-bankruptcy Δ.
The data from Figure 1 do not show any clear differences between the groups. The
average number of spins for each group is similar to one another except at four and five
bankruptcies experienced. However, the average number of spins is higher in the trial counter
group at four bankruptcies experienced, and higher in the no trial counter group at five
bankruptcies experienced. There is a slight overall increase in the average of both groups as the
number of bankruptcies experienced increases.

Figure 1. Number of Spins at Lag 1 by Bankruptcies Experienced
Figure 2 shows post-bankruptcy Δ as a function of bankruptcies experienced for each
group. The average post-bankruptcy Δ is not very different across groups at one or two
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bankruptcies experienced. Both groups show an average decrease in responding following a
bankruptcy regardless of how many bankruptcies previously experienced. But there is an
increasing trend in the post-bankruptcy Δ for the trial counter group and a variable but
observable decreasing trend in the post-bankruptcy Δ for the no trial counter group as the number
of bankruptcies experienced increases.

Figure 2. Post-bankruptcy Δ by Bankruptcies Experienced
The outlier analysis was conducted due to the high degree of variance in the data
throughout the study. Figure 3 is a set of two box and whisker plots with outliers denoted by an
open circle. Each group had their own box and whisker plot for the number of spins at lag 1. The
figure shows there is less spread and fewer outliers in the no trial counter group than in the trial
counter group. Figure 4 is the same design as Figure 3 except that the dependent measure of interest
is the post-bankruptcy Δ. The figure shows there is less spread in the no trial counter group than
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in the trial counter group. However, both groups have a similar number of outliers. In both figures,
the outliers in the no trial counter group are more extreme than the trial counter group.

Figure 3. Number of Spins at Lag 1 by Group Assignment
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Figure 4. Post-bankruptcy Δ by Group Assignment
Figures 5, 6, and 7 show the number of spins at lag 1 across various batches of trials. The
two line plots on each figure correspond to the average number of spins at lag 1 for each group.
Figure 5 plots the average number of spins at lag 1 for trials 1-15 and 16-30. Figure 6 plots the
average number of spins at lag 1 for trials 1-10, 11-20, and 21-30. Figure 7 plots the average
number of spins at lag 1 for trials 1-6, 7-12, 13-18, 19-24, and 25-30. Error bars are included for
all graphs.
In Figure 5, the average for the trial counter group is higher then the no trial counter group
at both points. There is a slight decrease in the trial counter group’s average from 1-15 to 16-30.
The No Trial Counter’s group average remains approximately the same.
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Figure 5. Number of Spins at Lag 1 by Trial Range: Trial Counter, Batch of Two Ranges
Figure 6 shows that the difference between the two groups is concentrated in the initial
batch of trials and the last batch of trials. The no trial counter group has a lower average than the
trial counter group at trials 1-10, and a higher average at 11-20, and then a lower average again at
21-30.
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Figure 6. Number of Spins at Lag 1 by Trial Range: Trial Counter, Batch of Three Ranges
In Figure 7, a similar effect is displayed as the one in Figure 6. The no trial counter group
has a lower average in trials 1-6 and in trials 25-30. Both groups have a similar level and trend
from trials 7-12 to trials 19-24.
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Figure 7. Number of Spins at Lag 1 by Trial Range: Trial Counter, Batch of Five Ranges
Figures 8, 9, and 10 display the average post-bankruptcy Δ for both groups against the
previously used three batches of trial ranges. The y-axis scale is the same as the one used in Figures
5 to 7. This was done to help make comparisons across dependent measures. Figure 8 displays a
difference in level between the two groups at both trial ranges.
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Figure 8. Post-bankruptcy Δ by Trial Range: Trial Counter, Batch of Two Ranges
Figure 9 displays that both groups had a similar average at trials 1-10. The trial counter
group displays an increasing trend in the average post-bankruptcy Δ across the range of trials.
The no trial counter group’s trend is variable but lower than the trial counter group’s average at
both trials 11-20 and 21-30.
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Figure 9. Post-bankruptcy Δ by Trial Range: Trial Counter, Batch of Three Ranges
Finally, Figure 10 displays a similar pattern between groups as Figure 9. The no trial
counter group initially has a higher post-bankruptcy Δ at trials 1-6. However, the trial counter
group experiences a level change from 1-6 to 7-12 and remains at a consistently higher level than
the no trial counter group. The data from the no trial counter group show a slight decreasing
trend for the remainder of the batches.
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Figure 10. Post-bankruptcy Δ by Trial Range: Trial Counter, Batch of Five Ranges
Secondary Analyses
Subset Analysis
A subset analysis was conducted with those participants who had experienced six or more
bankruptcies. This was done because fewer participants experienced higher numbers of
bankruptcies. This means there were more measurements for lower numbers of bankruptcies
experienced than higher numbers of bankruptcies experienced. The trends detected in the primary
analysis may be caused by individual differences between participants that experienced fewer
bankruptcies and participants that experienced more bankruptcies instead of the increasing number
of bankruptcies experienced. If similar trends were found between this subset analysis and the
primary analysis, that would provide evidence that the increasing number of bankruptcies
experienced produced a within subject effect on behavior instead of these individual differences.
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All graphs in this subset analysis were constructed in the same manner as those in the primary
analysis.
Figure 1 displayed the average number of spins at lag 1 for both groups. Figure 11 was
constructed in the same manner as Figure 1 except that the subset group’s data was used instead.
There is no longer the increasing trend as the number of bankruptcies experienced increases for
either group as detected in Figure 1. Additionally, the average of the no trial counter group is now
higher at all points except for six bankruptcies experienced than the trial counter group.

Figure 11. Number of Spins at Lag 1 by Bankruptcies Experienced: Subset Graph
Figure 12 shows the average post-bankruptcy Δ across bankruptcies experienced. Figure
12 displays similar effects of the post-bankruptcy Δ variable as the primary analysis did. Most
notably, the increasing trend in the trial counter group can still be observed. The decreasing trend
for the no trial counter group can be detected but is much more variable due to the lower number
of measurements for this group.
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Figure 12. Post-bankruptcy Δ by Bankruptcies Experienced: Subset Graph
Effect of Initial Gambling Outcome
This secondary analysis was devised during the data collection phase of the experiment.
Table 4 shows the results of two GEE analyses on the effect of the initial gambling outcome. This
table was set up identically to Table 3. No statistically significant effects were observed for initial
gambling outcome for the number of spins (β = -1.54, p = .52) or post-bankruptcy Δ (β = 3.51, p
= .07).
Table 4
Results of the GEE Analysis on the Effect of Initial Gambling Outcome
Estimated Effect

R2

Robust S.E.

Number of Spins

-1.54

.03

Post-Bankruptcy Δ

3.51

.01

Robust z score

p-value

2.39

-.64

.52

1.94

1.81

.07

Figures 13 and 14 were created to analyze the effect of initial gambling outcome over the
remaining trials. Post-bankruptcy Δ was graphed against trial ranges in both graphs. The four
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different line paths correspond to the four different initial gambling outcomes experienced by
participants in this study (i.e. 0-3 bankruptcies in the first 10 trials). Error bars are included for
both graphs. Figure 13 has two different ranges of trials: 11-20 and 21-30. Participants that
experienced one bankruptcy had the lowest average post-bankruptcy Δ during in the first range
and the second lowest in the second range.

Figure 13. Post-bankruptcy Δ by Trial Range: Initial Outcome, Batch of Two Trials
Figure 14 has four different ranges of trials: 11-15, 16-20, 21-25, and 26-30. Participants
that experienced one bankruptcy had the lowest average post-bankruptcy Δ at all trial ranges
except for 21-25.
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Figure 14. Post-bankruptcy Δ by Trial Range: Initial Outcome, Batch of Four Trials
Pearson Correlations
Table 5 displays descriptive statistics for the risky choice assessments used in the
experiment.
Table 5
Descriptive Statistics for Risky Choice Assessments
Average

Standard Deviation

Average # of Spins

22.25

10.52

SRS

10.42

11.38

Alcohol Use (Any)

2.13

1.67

Marijuana Use

1.32

1.89

Cigarette Use

.37

.90

E-Cigarette Use

1.18

1.87

SOGS

.45

1.35

BART

49.03

13.15

Note. Average # of Spins – The average number of spins per trial in the Prize Wheel task; SRS – The standardized score from the
Sexual Risk Survey; Alcohol Use (Any), Marijuana Use, Cigarette Use, E-Cigarette Use – Likert scale response to past 30 days use (0
- have never used, 1 – have used but not in the last 30 days, 2 – 1 to 2 days, 3 – 3 to 5 days, 4 - 6 to 9 days, 5 – 10 to 19 days, 6 – 20 to
29 days, 7 - Used daily); SOGS – South Oaks Gambling Screen score; BART – The average number of pumps per trial in the Balloon
Analogue Risk Task.
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Table 6 shows the correlations between performance on the Prize Wheel Task and other
measures of risky choice. An asterisk is noted next to any correlation that was considered
statistically significant at the alpha = .05 level. The average number of spins in the Prize Wheel
task was the parameter that has been used as a possible predictor of propensity to engage in risky
choice. Statistically significant correlations were observed between the average number of spins
and the average number of pumps on the BART (r = .32, p = .01) as well as the score on the SOGS
(r = .45, p <.01).
Table 6
Pearson Correlations between Risk Assessment Scores and Prize Wheel Scores
BART
SRS

SRS

Average # of
Spins

SOGS

Alcohol Use
(Any)

Marijuana
Use

Cigarette Use

.14

SOGS
.09
.26*
Average # of
.32*
.11
.45*
Spins
Alcohol Use
-.14
.40*
.12
-.07
(Any)
Marijuana
.07
.36*
.08
.02
Use
Cigarette Use
.07
.11
.21
.12
E-Cigarette
-.04
.37*
.27*
.11
Use
* indicates that the correlation is statistically significant at the p<.05 level

.53*
.37*

.41*

.45*

.53*

.66*

Risky Choice Analysis
Table 7 was constructed in a similar manner as the other tables that display GEE results.
Each line displays the results of a separate GEE. However, the primary difference between the
GEEs is the primary parameter of interest instead of the dependent measure. For all three
parameters, the estimated effect and the robust standard error are much lower than those in the
previous analyses. The estimated effect of the number of bankruptcies previously experienced
and the amount of tokens lost in the most recent bankruptcy did have a statistically significant
effect. All three parameters have low R2 values.
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Table 7
Results of the Risky Choice GEE Analysis
Estimated Effect

R2

Robust S.E.

Robust z score

p-value

Trial Counter

.11

.01

.11

1.11

.27

Number of Bankruptcies

.08

.03

.00

3.47

.00

Amount of Previous Loss

.00

.01

.00

4.14

.00

Number of Spins

Discussion
Main Effect of Group Assignment on Number of Spins
The trial counter did not appear to affect the number of spins at lag 1. While there was a
mean difference between groups, the high level of variability and a high p-value suggest that the
difference should not be attributed to the trial counter. For both groups, the number of spins
increased as the number of bankruptcies experienced increased. However, whether this correlation
entails a causal relation is unclear. Participants who experienced more bankruptcies were also more
likely to spin more often, as bankruptcies are more likely the more often a participant spins. The
subset analysis supports this explanation of the apparent effect, because the increasing trend is not
present among only those participants who experienced six bankruptcies. The number of spins at
lag 1 was higher in the trial counter group when the data was plotted against ranges of trials during
the initial and last range of trials for all three batches. However, the high variability of the data in
this sample makes it unreasonable to suggest that the trial counter produced the differences.
The apparently weak effect of the trial counter suggests that there are other controlling
variables that affect the number of risky choices in loss chasing. These controlling variables have
typically been attributed to individual differences between pathological gamblers and the rest of
the population (Toce-Gerstein, Gerstein, & Volberg, 2003). While people in general do have
different overall frequencies of risky choices from each other, there is strong evidence that there
are other variables that affect individual response patterns of risky choice. in Cosottile et al. (In
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prep.) The factors studied in Cosottile et al. (In prep.) were the probability of experiencing a
bankruptcy, the magnitude of a win, and how many tokens the participant started with in a trial.
These variables and other relevant ones have been demonstrated to change the raw number of risky
choices that an individual will make. Therefore, these variables and others related to risky choice
may also control the raw number of risky choices following a loss.
Main Effect of Group Assignment on Post-Bankruptcy Δ
The GEE analysis did not result in a statistically significant p-value for the effect of the
trial counter on the post-bankruptcy Δ variable. However, the group differences in post-bankruptcy
Δ increase as the trial number increases. This change over trials was evident in analyses that
employed three different bin sizes, which suggests that it is not an artifact of bin size. Thus, it may
be that the trial counter only affects post-bankruptcy Δ when it signals a shorter temporal distance
to the end of the opportunity to gamble. Additionally, it is important to note that none of the
covariates that affect the number of spins at lag 1 affected the post-bankruptcy Δ. These difference
between the raw number of spins and the post-bankruptcy Δ can possibly be explained by the
difference between loss chasing and an overall increase in the frequency of behavior.
Loss chasing specifically refers to the temporary increase in occurrence of risky choice
following a bankruptcy as opposed to the overall increase in the frequency of behavior. In order to
assess whether a bankruptcy caused this temporary increase, it was necessary to evaluate the
behavioral function of the bankruptcy. A behavioral function refers to how the occurrence of a
specific stimulus following a behavior can cause changes in the future frequency of that behavior.
The purpose of the post-bankruptcy Δ analyses was to assess the potential behavioral function of
a bankruptcy. The post-bankruptcy Δ variable seeks to assess this function by looking at the
immediate future frequency of this behavior after the consequence of interest occurs compared to
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the preceding frequency of this behavior. This immediately following trial also best reflects loss
chasing as loss chasing is a temporary increase in the frequency of a behavior rather than an overall
increase. Thus, the trial counter may influence loss chasing specifically but not on the overall
likelihood to make risky choices throughout the experiment.
Descriptive Statistics
The high variability in the sample makes it difficult to make any claim based off the
relatively small differences in the averages. This high degree of variance was noted at the various
quarterly data analyses as well and did not decrease as more subjects were recruited. While the
variance was lower for the average number of bankruptcies, its correlation with the average
number of spins per trial makes inferences unwise. This correlation occurs because each spin has
a probability of causing a bankruptcy. When the difference between the two average number of
spins is multiplied by 30 (the total number of trials), it shows that the average participant in the
trial counter group spun 104 more times in the Prize Wheel task than the average participant in the
no trial counter group. On average, one bankruptcy will occur every 100 spins. This difference in
the average number of spins alone explains the difference in the average number of bankruptcies.
Was this Loss Chasing?
A measurement was considered loss chasing if the difference between the trial prior to a
bankruptcy and the following trial exceeded one positive standard deviation of the number of spins
per trial for that individual participant. It is possible that this was too conservative of a method of
estimating the behavioral function. This means there may have been more participants considered
loss chasers if another method of estimation was used, such as visual inspection. However, due to
the high number of participants that were coded as punishment, this method is most likely valid as
this reflects aggregate tendencies in the data as well. If this method were invalid, a positive average

40

post-bankruptcy Δ should be observed for both groups indicating more instances of loss chasing.
Therefore, it can be safely concluded that the majority of participants responded to a bankruptcy
in a way that is consistent with a punishment account.
This finding is problematic as it changes the interpretation of the post-bankruptcy Δ data.
Despite this increased overall post-bankruptcy Δ compared to the no trial counter group, the
average post-bankruptcy Δ from the trial counter group is negative. In addition to this, the low
number of individual measurements that are considered loss chasing make any discussion of this
variable’s effects on loss chasing questionable. These effects could possibly be described as more
closely related to punishment attenuation rather than loss chasing. The question then becomes
whether punishment attenuation and loss chasing are conceptually similar to one another. If so, the
effect of the trial counter should be similar in a sample that does have an increased frequency of
loss chasing. If the trial counter instead had an opposite effect on risky choice following a loss, it
would provide evidence that these punishment attenuation and loss chasing are distinct and
separate behavioral concepts. Unfortunately, it is difficult to make any answer to this question
from the data in this study alone.
The Loss as a Motivating Function
This data also indicates that the loss does not have a significant motivating function on
behavior. The appeal made to a possible motivating function was made based on the lack of other
explanatory variables in certain loss chasing conditions besides the individual differences between
pathological gamblers and the rest of the population. However, with the failure to significantly
affect or even detect loss chasing in this sample in mind, these scenarios should be reexamined.
The conditioned reinforcement has previously been demonstrated to induce loss chasing in
rats (Marshall & Kirkpatrick, 2017). This account of loss chasing did not map on as clearly to the
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results of Linnett et al. (2006). The authors used a modified version of a gambling task that was
designed to be dissimilar from typical gambling scenarios. However, this may have been
insufficient to prevent some type of conditioned reinforcement from occurring. The contingencies
on the responses in this task match onto other risky choice scenarios. Most importantly, this
includes the probabilistic undesirable outcome. It is possible that even though the consequence of
interest was different (earning money vs. earning cheese for a mouse in a computer task) that
probabilistic undesirable outcomes have been conditioned in such a manner that this effect
generalizes to novel risky choice scenarios. This would be consistent with the conditioned
reinforcement account of loss chasing.
Effect of Initial Gambling Outcome
Similar to the primary analysis of the trial counter, initial gambling outcome did not appear
to affect the number of spins but may influence the post-bankruptcy Δ variable. A higher number
of bankruptcies in the initial ten trials resulted in an increased post-bankruptcy Δ for later
measurements. The visual inspection of the data showed that participants that experienced one
bankruptcy exhibited the greatest effects of punishment. Participants that experienced no
bankruptcies had a lower post-bankruptcy Δ than those that exhibited two or three bankruptcies.
This can be interpreted that a single bankruptcy is a punisher but experiencing multiple
bankruptcies attenuates their punishing effect. However, experiencing multiple bankruptcies is
also correlated with an increased number of overall spins. Participants that are more likely to spin
may not be punished as severely by bankruptcies.
These findings are also surprising as this analysis was conducted with both groups
collapsed into one sample. When considered all together, this provides a rationale for this variable
as potentially relevant to the study of loss chasing. This supposition is not necessarily contrary to
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the findings of Cronce and Corbin (2010) and Corbin and Cronce (2017). Similar non-effects of
this variable were detected for the raw frequency of risky choices in this study as in the preceding
two studies. The initial gambling outcome is therefore not potentially relevant to the control of
behavior of risky choice in general but to the function of a loss as the gambling task continues.
This change in function is very relevant to the study of loss chasing as loss chasing is the
observation of a different behavioral function than expected from a loss.
Pearson Correlations
The average number of spins in the Prize Wheel task had statistically significant positive
correlations with the average number of pumps in the BART and the SOGS score. The correlation
between performance on the BART and Prize Wheel task is a substantial piece of evidence for the
validation of the Prize Wheel task. The BART has previously been validated with numerous
measures of risky choice and is one of the most widely used instruments to determine an
individual’s likelihood to engage in risky choice (Lauriola, Panno, Levin, & Lejuez, 2014). This
correlation is an indication that it is possible to make similar inferences using performance on the
Prize Wheel task. Using the Prize Wheel task to do so instead of the BART is appealing as it is
possible to control more variables relevant to risky choice in the Prize Wheel task. This includes
the probability of a loss and the stake size at the beginning of a trial. If participants were sensitive
to changes in these parameters during the task, this would validate a method of assessing risky
choice that is not possible with the BART.
The correlation between performance on the Prize Wheel task and the SOGS score is
relevant to the study of loss chasing specifically. The SOGS has been one of the primary ways that
researchers have identified pathological gamblers. Pathological gamblers are the same class of
participant that engages in loss chasing more frequently. If a pathological gambler makes more
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risky choices on the Prize Wheel task in general, this indicates that the Prize Wheel task could also
be a useful instrument to study loss chasing and identify pathological gamblers as well.
This analysis failed to replicate a statistically significant correlation between the sexual
risk survey’s composite score and the average number of spins from Cosottile et al. (In prep). This
failure to replicate was unexpected as the current analysis had been sufficiently powered to detect
medium sized Pearson correlations. The most likely scenario is that the previously detected
correlation was due to outliers in that sample.
Risky Choice Analysis
There did not appear to be an effect of the trial counter on the number of spins per trial.
This is consistent with the previous discussion on why there was a null effect of the trial counter
on the number of spins at lag 1 and a possible effect of the trial counter on the post-bankruptcy Δ.
The trial counter may have a specific effect on loss chasing and not an effect on the overall
likelihood to engage in risky choice.
The effect of the other two parameters was statistically significant in the risky choice
analysis. However, the estimated effect and R2 value of these two parameters in the model created
by their respective GEEs was low. For the number of bankruptcies, the estimated beta coefficient
was .08. This means that the model predicts that for each bankruptcy previously experienced, the
expected number of spins in any given trial should increase by .08. The highest number of
bankruptcies any participant experienced was 12. This means that the expected difference from
the number of spins in a trial with zero previous bankruptcies and the number of spins in a trial
after 12 bankruptcies occurred was approximately one spin (.96 spins). As the average number of
spins per trial was 22.25 in this dataset, this is a relatively small difference even at the most extreme
difference in the independent variable.

44

The amount of tokens lost in the most recent bankruptcy had a smaller effect than the effect
of the number of bankruptcies on the number of spins per trial. However, this comparison is
misleading. The estimated beta coefficient refers to the expected increase in the dependent measure
based on an increase of one in the independent measure. For the amount of tokens lost in a previous
trial, this is an increase of a single token. The exact beta coefficient calculated for the amount lost
in the most recent bankruptcy was 5.322478e-5. The highest number of tokens lost in a bankruptcy
was 35,750, the result of spinning the wheel 143 times in a trial. The expected difference in the
number of spins per trial between the lowest amount of tokens lost (zero) and the highest amount
of tokens lost (35,750) is 1.9 spins. While this still indicates that overall effect of this parameter is
low, the effect is not as immaterial as comparisons to other estimated beta coefficients would
suggest.
Limitations
Many outliers were detected in this data set across both groups. There were very extreme
outliers in the no trial counter group. It is possible that these outliers may have appeared at a higher
proportion than typical in the population. However, the number of the outliers detected in this
sample was close to the number expected. However certain outliers were extremely high. The most
extreme outlier in the data exceeded 5.5 standard deviations above the average. This type of outlier
is much more uncommon and may have contributed disproportionately to the data from the no trial
counter group.
It is possible that the number and magnitude of outliers is due to a lack of control over the
experimental procedures and individual differences. One variable that could have been controlled
was the amount of time participants had to make risky choices. This variable is important to
consider because previous studies have noted that the amount of time can affect risky choice
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responding (Goldshmidt & Fantino, 2004; Pietras et al. 2003). Additionally, individual differences
could have contributed to these outliers. One individual difference would be a person’s overall
likelihood to make risky choices.
The task may not have been sufficiently engaging for participants. Participants were asked
what they thought of the Prize Wheel task after completing the experimental tasks. Approximately
half of the participants reported that the task was long, boring, or tedious in response to that
question. This may have been correlated with a lack of attending to relevant stimuli, some form of
ratio strain, or indicative of weaker reinforcers to maintain behavior. Additionally, many
participants reported using a strategy of hitting a certain number of tokens and then pressing
collect. Participant’s behavior in this task may have come under the control of a rule for obtaining
that number of tokens. Rule-governed behavior is less sensitive to changes in contingencies or
consequences (Hayes, Brownstein, Zettle, Rosenfarb, & Korn, 1986). This would have decreased
any effectiveness of the trial counter.
The bankruptcy may not have been potent enough of a consequence to induce loss chasing.
While the bankruptcy was a salient consequence (Accompanied by unique auditory stimuli, visual
stimuli, and required a response to close the text message that indicated a bankruptcy had
occurred), it may not have always signaled a high loss of tokens. A bankruptcy could theoretically
occur on the first spin prior to the accumulation of any token. It is possible that a bankruptcy that
resulted in the loss of a more substantial amount of tokens had a different effect on behavior than
one that resulted in the loss of little to no tokens.
The participants were primarily a WEIRD population: White, Educated, Industrial, Rich,
and Democratic (Henrich, Heine, & Norenzayan, 2010). These participants often have different
patterns of behavior across multiple domains than other cultures. In fact, they are frequently
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considered outliers of the human population. The individual differences between members of this
population and others may include a different learning history with respect to risky choices. This
study should be replicated with a more diverse population than a predominantly white college aged
sample to correct this limitation.
Future Directions
In order to potentially address the fact that a low frequency of traditionally conceptualized
loss chasing occurred in this study, this experiment should be replicated with a population of actual
or potential pathological gamblers. This could be done in a variety of ways including recruiting
from legal gambling establishments, gambling treatment facilities, and via online recruitment.
There are some ethical concerns that should be addressed in order to safely do this with a diagnosed
gambling population. The authors of Linnet et al. (2006) used a sample of gamblers seeking
treatment at a specialized facility for treating gambling addiction. The IGT task was modified in
order to resemble a gambling task less. As results consistent with loss chasing on the IGT were
obtained, this was still a useful task while avoiding possible unnecessary harm to pathological
gamblers. The Prize Wheel task could be similarly altered to accommodate this population.
Participants were screened in advance of participating in this experiment to make sure they
understood how probability and unit conversion. However, this population may also be more likely
to engage in more frequent risky choice and loss chasing due to this lack of understanding. While
no participants in this study failed the Math Ability Test, it may be more useful to include
participants that do not understand probability and unit conversion in future studies.
There are several methods to ensure that a bankruptcy is a sufficiently powerful
consequence. One would be to only count bankruptcies that resulted in the loss of a substantial
number of tokens. This could be done simply by discounting bankruptcies below a certain value
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or increasing the initial stake size of the trial so that each trial starts with that number of tokens in
the temporary bank. The effect of a bankruptcy could also be paired with other reinforcers in order
to evaluate it as an LDW (Loss disguised as a win). This is a popular method of inducing loss
chasing via conditioned reinforcement (Kirkpatrick et al., 2017).
An additional manipulation of the bankruptcy could be to control the temporal placement
of its occurrence. Bankruptcies occurred probabilistically throughout the task. A version of the
Prize Wheel task could be created that forced bankruptcies to occur during specified trials.
Participants would need to be deceived in order for them to still view this as a risky choice (i.e.
that there are still probabilistic outcomes). This manipulation would increase the level of control
over the bankruptcies, allowing the evaluation of behavior following more bankruptcies in the
initial trials and an equal amount of bankruptcies occurring across trials.
The effect of bankruptcies should be evaluated from a loss frame instead of a gain frame
as well. In a loss frame, participants would be given a certain amount of tokens at the beginning
of the Prize Wheel task. Participants would then be set to lose a certain amount of tokens during
each trial. Each “win” would then be preventing the loss of a certain proportion of these tokens.
Framing the wins as preventing losses could engender more risky behavior and therefore more loss
chasing (Kahneman & Tversky, 1979).
One risky choice procedure that could be implemented in this context is an earnings budget
procedure. The earnings budget is an extension of the concept of the energy budget to human
behavior (Pietras et al., 2001; Pietras et al., 2003). The energy budget refers to an organism’s rate
of resource acquisition relative to their resource requirement for survival (Caraco et al., 1980).
Failure to acquire enough resources results in death in natural settings. Organisms have
demonstrated a preference for risky choice when selecting only the certain choice will result in a
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failure to obtain enough resources (i.e. a negative energy budget). In order to extend this to humans
ethically, Pietras and colleagues created the concept of the earnings budget. Human participants
must earn a certain amount of money in a restricted period of time or the money will not be
delivered. A negative earnings budget has been demonstrated to increase the preference for risky
choices in humans. Additionally, Pietras et al. (2003) contained a report of within-block changes
in risky choice as result of the trial order. It is possible that the effect of a negative earnings budget
on risky choice could interact with temporal variables such as the trial counter to influence risky
choice and loss chasing.
The Prize Wheel task should be modified to evaluate whether the total amount of time
affects risky choice responding. Instead of restricting participants to a certain number of trials,
participants will be restricted to different amounts of time to make risky choices. If an effect was
detected, it would provide evidence that this could have been a confounding variable on the effect
of the trial counter. Similarly, a follow up study should be conducted that evaluates whether
different numbers of total trials affect risky choice responding.
One salient difference between the current experimental procedures and the procedures
used in Cosottile et al. (In prep.) is that participants experienced 180 trials in Cosottile et al. (In
prep) while they only experienced 30 trials in the present study. This is relevant because the
average number of spins per trial in both groups was higher than the average number of spins per
trial in the sample from Cosottile et al. (In prep.). However, there are many potentially confounding
variables that would need to be controlled for to provide substantial evidence for this. In addition
to the increased number of trials, the authors of Cosottile et al. (In prep.) manipulated multiple
variables that also changed patterns of risky choice: Probability of a bankruptcy, magnitude of a
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win, and stake size. Therefore, a study should be conducted where those variables are held constant
and the total number of trials is varied.
A study should be conducted to evaluate the effect of the initial gambling outcome without
altering any other variables (e.g., the trial counter). It is possible that a study that did not alter
whether the trial counter was present could produce more convincing evidence. Using a higher
probability of bankruptcy than the current study would be useful for this potential study. This
increased probability would result in an increased frequency and variability of bankruptcies in the
first ten trials. It may be easier to detect an effect under these conditions as well as learning more
about the parametric space of that variable.
Conclusion
Overall there is limited evidence that the trial counter affected loss chasing or risky choice.
The strongest evidence from this study indicates that the counter may attenuate the effect of
punishment in later trials in the task. While a systematic replication that further supports this
finding would be worthwhile, it is a higher priority to identify variables and procedures that
determine loss chasing in the context of risky choice.
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Appendix B
The Math Ability Test
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Participant ID: _____________________
Study Team Member: _______________
Date:

___________________________
Math Ability Test: Percentages and Unit Conversion

1. If you have completed nine out of ten questions on a test, what percentage of questions
completed have you completed?
________
2. Johnny has $10 from mowing his neighbor’s lawn. One apple costs $.50 at the local
supermarket. How many apples can Johnny buy with his $10 at the local supermarket?
________
3. You are rolling a six-sided die. If the die lands on a one or a two, you will win $1. If the If
the die lands on any other number, nothing happens. What is the probability that you win
$1?
________
4. You are at the local county fair. It costs 4 tickets to ride the haunted house ride. You have
32 tickets. How many times can you ride the haunted house ride before you run out of
tickets?
________
5. You and CJ are out for a night of bowling. Throughout the course of the night, CJ had 4
strikes out of 20 attempts. What is the percent of CJ's attempts that resulted in strikes?
________
6. You are debating driving to your friend’s house in Ann Arbor. You will need to get more
gas in your car before drive out there and are not sure if you have enough money to do so.
It takes 6 gallons of gas to get to Ann Arbor in your car. You currently have $15. At your
local gas station, gas currently costs $3 per gallon. How many gallons of gas can you get
and is it enough to get to Ann Arbor?
________
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Prize Wheel Main Screen
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Appendix D
Individual Graphs: No Trial Counter Participants with Null Function
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Appendix E
Individual Graphs: No Trial Counter Participants with Loss Chasing Function
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Appendix F
Individual Graphs: No Trial Counter Participants with Punishment Function
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Appendix G
Individual Graphs: No Trial Counter Participants with Mixed Function
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Appendix H
Individual Graphs: No Trial Counter Participants with No Bankruptcies
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Appendix I
Individual Graphs: Trial Counter Participants with Null Function
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Note: The measurement from trial 14 in the above graph was not counted as the participant
reported that they had pressed the collect button in error following the bankruptcy. Trial 15
was counted as the measurement following a bankruptcy.
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Appendix J
Individual Graphs: Trial Counter Participants with Punishment Function
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Appendix K
Individual Graphs: Trial Counter Participants with Mixed Function

129

130

